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Abstract 
Forecasting volatility is essential for the market participants and has an important impact on building trading strategies. 
Lately, financial markets have experienced an increased volatility, which has led to the development of a variety of 
techniques in forecasting volatility. The aim of this paper is to modeling volatility of the Romanian Stock Market, both for 
pre-crisis and post-crisis periods, using five models of the GARCH family: GARCH, IGARCH, FIGARCH, GARCH-M 
and TARCH. Our results show evidence of high persistence in volatility, long memory, leverage effect, non-liniarities in the 
Romanian Stock Market. 
 
© 2015 Published by Elsevier Ltd. Selection and peer review under responsibility of Emerging Markets 
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1. Introduction 
The financial crisis has lead to an increased instability of financial markets. Under these conditions, the 
investors have reconsidered their trading strategies, portfolio components and risk management, which means 
that forecasting the volatility is essential. Emerging stock markets are characterized by low liquidity, thin 
trading, volatility and changes in the institutional and regulatory environments. All this characteristics 
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influence the appearance of non-linear dependencies in stock prices, which leads to a higher level of 
predictability. Moreover, these markets do not respond immediately at the arrival of the information on the 
financial markets, but react to it gradually over time, which indicates that these markets are characterized by 
long memory. Thus, for an appropriate estimation of volatility the investors have to take into consideration the 
thin trading, long memory and non linear dependencies. 
There is an extensive literature about predicting the volatility using GARCH models. Testing the existence 
of long memory in volatility has been the subject of several studies. Kasman and Torun (2007) have analyzed 
the volatility behavior for the Turkish stock market during the period 1988-2007. The GARCH, IGARCH and 
FIGARCH models were estimated for daily returns. The results showed that the ISE-100 Index exhibits long 
memory in volatility. By taking into account the AIC and BIC criteria, the authors concluded that the 
FIGARCH model performance is superior to GARCH and IGARCH models. Kovacic (2007) investigated the 
volatility for Macedonian Stock Exchange using the GARCH, EGARCH, GJR, TARCH and PARCH models 
for Gaussian, Student-t and GED distributions. They found that this stock market is characterized by volatility 
clustering, high kurtosis, weak evidence for risk premium and leverage effect. The GARCH models with non-
Gaussian error distributions are more appropriate for estimating volatility than the GARCH models with 
normal distribution.  Harrison and Moore (2012) have studied the stock market volatility in CEE countries 
(Bulgaria, Czeck Republic, Estonia, Hungary, Latvia, Lithuania, Poland, Romania, Slovenia and Slovak 
Republic) during the period 1991-2008. The volatility has been estimated by using the following models: 
GARCH, Taylor/Schwert, A-GARCH, Thr. GARCH, GJR-GARCH, Log-GARCH, E-GARCH, APARCH, 
CGARCH(1,1). The results showed that models which allows for asymmetric volatility outperform all the other 
models used. Patev et al. (2010) have analysed the Bulgarian stock market using RiskMetrics, EWMA with t-
distributed innovation and EWMA with GED distributed innovation and have concluded that EWMA with 
GED distributed innovation best fits in estimating the volatility. 
Also, there are some studies for Asian stock markets. Maheschandra (2012) has used GARCH, IGARCH 
and FIGARCH in modeling the volatility process for the Indian Stock Exchange, during the period 2008-2011. 
The daily returns of the BSE Index and NSE Index were used. The conclusions indicated that the volatility is 
highly persistent and exhibits long memory. The selection criteria indicated that FIGARCH (1,d,1) model best 
fits for predicting volatility. Alberg et al. (2008) have analyzed the Tel Aviv Stock Indices (TA25 and TA100) 
for the period 1992-2005 by using the GARCH, E-GARCH, GJR and APARCH models for normal, Student’s t 
and Skewed t distributions. They found that EGARCH skewed Student’s model has better performance than 
other models used. Recent studies were developed for African stock markets. Ahmed and Suliman (2011) have 
studied the Sudan stock market volatility using the GARCH, GARCH-M, EGARCH and TGARCH models 
during the period 2006-2010. The results indicate a high degree of persistence in the conditional volatility, 
moreover the parameter describing the risk premium effect is statistically significant and positive. Another 
study was realized by Bentes and Mendez da Cruz (2011) for the G7 stock market volatility, using the 
GARCH, IGARCH and FIGARCH models.  They concluded that there is an inverse relationship between 
standard deviation and persistence. The results indicated that there is long memory in volatility for Germany, 
Italy and France and a weak evidence of long memory in Japan. The aim of this study is to analyze the 
evolution of the Romanian Stock Market, both for pre-crisis and post-crisis periods, by taking into 
consideration the characteristics of an emerging market: high volatility, thin trading, a lower incorporation of 
the new information coming on the market in the stock price, which can cause the appearance of long memory, 
frequent changes in regulatory framework. The present study comes to enrich the financial literature in the field 
of emerging markets behavior. The paper is organized as follows. Section 2 describes the empirical methods 
used to identify the volatility behavior for the Romanian stock market. Section 3 provides information about 
the characteristics of the sample data. Section 4 presents the empirical results. Section 5 concludes. 
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2. Methodology 
Forecasting volatility is essential for the investors. There are several methods of forecasting volatility, in this 
paper we have used the following models: GARCH, IGARCH, FIGARCH, GARCH-M and TARCH. 
The Romanian Stock Market is an emerging market and in order to get an adequate prediction of volatility, 
the index daily returns must be adjusted to thin trading. In this sense, we have used the methodology proposed 
by Antoniou et al. (1997). This researchers use the methodology proposed by Miller et al. (1994) for the non-
trading adjustment. According to Miller et al. (1994) it is necessary to estimate an AR(1) model, based on the 
following equation: 
ttt eRR  110 DD          (1) 
Moreover, using the above regression residuals, adjusted returns are estimated, as follows: 
11 D
 tadjt
eR
          (2)
 
where adjtR  is the return at time  adjusted for thin trading. 
The methodology proposed by Miller et al. (1994) assumed that the non-trading adjustment required to 
correct returns is constant through time. The methodology proposed by Antoniou et al. (1997) comes to correct 
this assumption that is valid only for highly liquid developed markets, and assumes that for emerging markets 
the required adjustment will vary through time. As a consequence, the equation 1 is estimated recursively. 
According to Antoniou et al. (1997), the emerging markets are characterized by non-liniarities and they have 
proposed to be used an augmented logistic map model to test for efficiency: 
2
11   ttt aXaXX           (3) 
where the second term in the equation describes the non-liniarities. 
In order to predict the volatility, we have used GARCH models and their  characteristics are presented 
below.  
The GARCH models were introduced in the financial literature by Engle (1982) and then generalised by 
Bollerslev (1986). The GARCH(p,q) model is defined by: 
222 )()( ttt LL VEHDZV          (4) 
where 0!Z , )(),( LL ED are polynomials in the lag operator L , of order q and p , respectively. For 
stability and covariance stationarity of the ^ `tH process, all the roots of    > @LL ED 1 and  > @LE1 are 
constrained to lie outside the unit circle. All parameters in the variance equation must be positive and 
1 ED , but close to one. 
Another model used in this study is IGARCH (p,q). According to Engle and  Bollerslev (1986), when the 
autoregressive lag polynomial contains a unit-root, the GARCH(p,q) model becomes integrated in variance. 
The IGARCH(p,q) is defined by: 
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> @ tt LLL XEZHI   11         (5) 
Since the IGARCH(p,q) model assumes infinite memory, literature recommends using FIGARCH(p,d,q) 
models. According to Baillie et al. (1996) the FIGARCH(p,d,q) model is defined by: 
   > @ ttd LLL XEZHI   1)1( 2         (6) 
where 10  d  denotes the long memory parameter. Comparing the three models in terms of shocks 
persistence on the conditional variance, in the case of GARCH(p,q) model,  the impact of a shock decrease 
exponentially, in the case of IGARCH (p,q) model the impact persist indefinitely and in the case of 
FIGARCH(p,d,q) model, the impact decays at a hyperbolic rate. 
The volatility of the financial markets is different in bull and bear periods and the impact of positive or 
negative news on the stock price is different. In order to observe this asymmetric volatility, we have estimated 
the TARCH(p,q) model. This model was developed by Zakoian (1990) and Glosten et al. (1993). The equation 
of the conditional variance is the following: 
¦¦
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where 1tD is a dummy variable equal to 1, if 0tH and 0, otherwise. The impact of good news ( 01!tH ) 
and negative news ( 01tH ) on volatility is different. If 0!J , then the leverage effect exists and negative 
news increases volatility, while if 0zJ the news impact is asymetric (Floros, C.,2007). 
The relationship that exists between volatility and return can be examined using the GARCH-M model. The 
GARCH-M model introduces a heterokedasticity term into the mean equation. The GARCH-M model 
proposed by Engle, Lilien and Robins (1987) has the following form: 
tttR HVOD  
2
10           (8) 
2
12
2
1
2
  ttt a VOHZV          (9) 
where the parameter 1O  reflects the relationship between risk and mean return – risk premium ( 01!O and 
statistically significant). 
3. Data 
In this study, the sample analyzed contains daily returns of the BET Index for the period 2004-2012. We 
also took into consideration two subsamples for the period before the bankruptcy of Lehman Brothers on 
September 15, 2008 (2004-2008) and for the period after the bankruptcy (2008-2012). The daily logarithmic 
returns were determined using the following equation: 
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where tr  - index return at time t , 1, tt II  - represents the index prices at time t  and 1t . Figure 1 show 
the observed returns of the BET Index.  
The evolution of returns presented in Figure 1 indicates that high volatility periods alternate with low 
volatility periods, appearing the phenomenon of volatility clustering. 
Fig. 1. Daily returns of the BET Index during the period January 2004-December 2012 
Moreover, adjusted returns at thin trading were used. The adjusted returns were determined according to the 
methodology proposed by Antoniou et al. (1997), which was presented in Section 2. The statistical properties 
of the BET Index are provided in Table 1. 
Table 1. Descriptive statistics and unit root tests 
 BET Index 
Returns 
BET Index 
Ajusted Returns 
Mean 0.0017 0.00000388 
Median 0.0014 0.000255 
Maximum 0.0574 0.1885 
Minimum -0.1190 -0.3970 
Standard Deviation 0.0152 0.0297 
Skewness -0.8252 -1.4332 
Kurtosis 10.3298 27.7601 
Jarque Bera 1731.25 58141.79 
 Q(20) 78.761*** 82.467*** 
QS(20)
 147.85*** 154.8*** 
ADF -22.5199*** -30.2631*** 
PP -22.5199*** -47.1545*** 
KPSS 0.2142 0.0189 
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Notes: )20(),20( sQQ are the Ljung Box statistics for returns and squared returns, ADF represents 
Augmented Dickey Fuller (1979) unit root test, 0H : the series has a unit-root, 1H :the series is stationary; the 
lag length was chosen according to the Schwarz Information Criterion. The critical values for the test with 
constant are those of MacKinnon (1991):  3.43 (1%), 2.9 (5%), 2.57 (10%), PP-represents the Philips Perron 
test under the null hypothesis that a time series contains a unit-root, KPSS – represents Kwiatkowski-Philips-
Schmidt-Shin test under the null hypothesis of stationarity, Kwiatkowski-Philips-Schmidt-Shin critical values 
are: 0.739(1%), 0.463(5%), 0.347(10%) for constant, ***denotes significance  at 1%, the values recorded by 
the SD for subperiods in the case of BET Index are: 0.0159 (the pre-crisis period) and 0.0203 (the post-crisis 
period). 
Table 1 presents the descriptive statistics  for both the returns and adjusted returns after correcting for thin 
trading. The mean returns are positive both for observed and adjusted returns, even if after adjusting at thin 
trading, take place a reduction, though the magnitudes not large. The adjusted returns manifest a high volatility 
than the observed returns. The values record by skewness and kurtosis coefficients, both before and after 
adjustment, indicate a higher peak and fatter-tail distribution compared to the normal distribution. The Jarque 
Bera test statistics reject the normality hypothesis both for observed and corrected returns. Similar results were 
obtained by Lim et al. (2009) for the Chinese Stock Markets. According to Ljung Box test for observed and 
squared returns, the null hypothesis of non correlations between returns is rejected both for observed and 
adjusted returns, which means that the existence of thin trading is not the main cause of the rejection of the 
random walk hypothesis. 
In order to test the stationarity of the returns series, we have used ADF, PP, and KPSS tests. The results of 
these tests indicate that the returns series are stationary.  
4. Empirical results 
For the estimation of volatility, we have used GARCH, IGARCH, FIGARCH, GARCH-M and TARCH 
models. According to the statistical characteristics presented in the table above, we have concluded that the 
returns do not follow a normal distribution; therefore, in estimating GARCH models, we used Student’s t 
distribution. The results are presented in the tables below. 
Table 2. Estimation results of GARCH (1,1) model 
 BET 
2004-
2012 
BET_Adjusted 
2004-2012 
BET 
2004-
2008 
BET_Adjusted 
2004-2008 
BET 
2008-
2012 
BET_Adjusted 
2008-2012 
Mean 
equation 
  
 0.0008*** 0.00026 0.001*** 0.0002 0.0006* 0.0003 
 0.1024*** 0.0197 0.1484*** 0.0705** -0.0306 0.0482* 
Variance 
equation 
  
 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000*** 
 0.1771*** 0.1842*** 0.1834*** 0.1937*** 0.1662*** 0.1821*** 
 0.8080*** 0.8146*** 0.7673 0.7117*** 0.8328*** 0.8174*** 
AIC -5.6278 -5.3346 -5.6694 -5.5663 -5.6109 -5.1068 
SIC -5.6125 -5.3193 -5.6435 -5.5402 -5.583 -5.0789 
JB 495.218 686.3362 178.2244 130.0629 310.214 711.224 
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Q(20) 0.035** 0.019 0.018* 0.008 0.009 0.025 
Source: Authors’ calculations 
Notes: ***,**,* Significat at 1%, 5%, 10% level, respectively; Q() – Ljung Box statistics, AIC is the Akaike information 
criteria, SIC is the Schwarz criteria, JB-Jarque Bera test 
The estimation results of GARCH (1,1) model indicate that in the case of observed returns of the BET 
Index, for all the periods analyzed, the sum of the estimates   is very close to one, showing that the volatility 
process is highly persistent, which means that the current information is relevant in forecasting the future 
YRODWLOLW\ IRU VKRUW DQGPHGLXP WHUP7KH VXPRI Įȕ LV OHVV WKDQRQH LQGLFDWLQJ WR KDYH DPHDQ UHYHUWLQJ
variance process. Moreover, in the case of adjusted returns of the BET Index, the GARCH(1,1) model is valid 
for all the periods. The sum of coefficients is lower than one, showing the presence of a mean reverting 
variance process. 
According to Baillie et al (1996), the IGARCH models implies an infinite memory in stock market’s 
volatility, which show a complete persistence of a volatility shocks. The results obtained in Table 3, indicate 
that all the coefficients are statistically significant, except for the model estimated for adjusted returns of the 
BET Index, for the period before crisis. 
 
 
 
 
 
 
Table 3. Estimation results of IGARCH (1,1) 
 BET 
2004-2012 
BET_Adjusted 
2004-2012 
BET 
2004-2008 
BET_Adjusted 
2004-2008 
BET 
2008-2012 
BET_Adjusted 
2008-2012 
Mean 
equation 
  
 0.0009*** 0.0002 0.0014*** 0.0002 0.0006** 0.00001 
 0.0988*** 0.0192 0.1417*** 0.0714*** 0.0562** 0.0471* 
Variance 
equation 
 
 0.0934*** 0.1050*** 0.0856*** 0.0813*** 0.0920*** 0.1344*** 
 0.9065*** 0.8949*** 0.9143*** 0.9186*** 0.9080*** 0.8655*** 
 1 1 1 1 1 1 
AIC -5.6064 -5.3122 -5.6419 -5.5353 -5.5847 -4.9370 
SIC -5.5962 -5.3020 -5.6247 -5.5179 -5.5662 -4.9230 
JB 736.97 990.73 226.05 89.13 529.91 831.13 
Q(20) 0.006** 0.013 0.020** 0.001 0.005 0.019 
Source: Authors’ calculations 
Notes: ***,**,* Significat at 1%, 5%, 10% level, respectively; Q() – Ljung Box statistics, AIC is the Akaike information 
criteria, SIC is the Schwarz criteria, JB-Jarque Bera test 
In order to highlight the propagation of volatility shocks, we estimate FIGARCH(1,d,0) models. The 
estimation results for FIGARCH(1,d,0) are presented in Table 4. 
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Table 4. Estimation results of FIGARCH (1,d,0) 
 BET 
2004-2012 
BET_Adjusted 
2004-2012 
BET 
2004-2008 
BET_Adjusted 
2004-2008 
BET 
2008-2012 
BET_Adjusted 
2008-2012 
 0.0009*** 0.0003 0.0011*** 0.0001 0.0006** 0.0002 
 0.000008 0.00001*** 0.00001 0.00001 0.000016 0.00002 
 0.0984* 0.5061*** 0.0989 0.1238 0.0384 0.3453*** 
 0.4226*** 0.7608*** 0.3618*** 0.3627*** 0.3827*** 0.6554*** 
JB 430.28 437.98 274.39 121.28 138.07 335.47 
Q(20) 67.951*** 14.529 57.085*** 24.428 25.335 11.139 
 25.665 30.376* 12.759 20.100 26.274 24.460 
Source: (authors’ calculations) 
Notes: ***,**,* Significat at 1%, 5%, 10% level, respectively; Q() – Ljung Box statistics, JB-Jarque Bera test. 
 
According to Baillie et al. (1996), for the FIGARCH (1,d,0) model the response of conditional variance to 
past shocks decays at a slow hyperbolic rate.  For the FIGARCH model, the results support the existence of 
long memory for all the periods analyzed both for uncorrected and adjusted returns. The parameter d of long 
memory is statistically significant for all periods, indicating that volatility is predictable. Our findings were that 
for the whole period analyzed, the BET Index is the less volatile, but exhibits the highest memory. Moreover, 
for the post-crisis period, the BET Index is the most volatile and manifests a lower persistence. Similar results 
were obtained by Bentes and Mendes da Cruz (2011) for the G7 capital markets. We can note here the inverse 
relationship between volatility and persistence. For the all period, it may have been a lower degree of 
efficiency, which was manifested through a higher persistence. According to Matteo et al. (2003) the long term 
dependence is sensitive to the degree of development of the market. 
The emerging stock markets are generally characterized by non-liniarities. Following Antoniou A. and Ergul 
N. (1997), this non-liniarities are caused by market microstructure, thin trading, non-linear feed-back 
mechanism in price movements, transactions costs, irrational behavior of investors, time-variation in the market 
risk premium. In order to capture the relationship between risk and returns, we used the GARCH-M models, 
which allows for time variation in the conditional variance. In this research, we applied the method proposed 
by Antoniou A. et al. (1996) and we have included in the mean equation the variables which captures the 
presence of non-liniarities. 
The estimation of GARCH-M models with non-linearities for corrected returns to thin trading is realized 
using the following equations: 
3,2,)(110    nRRhR
adjn
ntn
adj
tt
adj
t DDOD                  (11) 
1
2
1   ttt hh EDHZ                     (12) 
where, Rt is the return at time t , and n=2,3, ht is the conditional variance and Ht is an error term. 
Table 5. Estimation results of GARCH-M model 
 BET 
2004-2012 
BET_Adjusted 
2004-2012 
BET 
2004-2008 
BET_Adjusted 
2004-2008 
BET 
2008-2012 
BET_Adjusted 
2008-2012 
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Mean 
equation 
  
 0.0008 -0.00008 0.0042*** 0.00005 -0.000008 -0.0001 
 -0.0078 0.0170 0.2831** 0.0260 0.0519 0.0335 
 0.1744*** -0.0126 0.1757*** 0.0464 0.0917*** -0.0371 
 -0.0059 0.7576 3.6759** 2.9292* -0.6205 0.1690 
 -39.9902*** 0.0121 -27.2949 -38.0269 -27.6151** -0.4046 
Variance 
equation 
 
 0.000092*** 0.000007*** 0.000009*** 0.00001*** 0.000005*** 0.000004*** 
 0.2046*** 0.1809*** 0.1322*** 0.1567*** 0.1576*** 0.1862*** 
 0.7826*** 0.8177*** 0.8362*** 0.7829*** 0.8384*** 0.8293*** 
AIC -5.5736 -5.3371 -5.6766 -5.5758 -5.5996 -5.0926 
SIC -5.5532 -5.3142 -5.6378 -5.5368 -5.5580 -5.0508 
JB 428.98 786.33 156.77 114.68 343.99 795.83 
Q(20) 0.003 0.019 0.012 0.006 0.015 0.023 
Source: (authors’ calculations) 
Notes: ***,**,* Significat at 1%, 5%, 10% level, respectively; Q() – Ljung Box statistics, AIC is the Akaike information criteria, SIC is the 
Schwarz criteria, JB-Jarque Bera test 
The results obtained for observed returns, showed the presence of non-liniarities for all the periods that we 
analyzed. The presence of non-liniarities indicate a high degree of predictability. The risk-return parameter   is 
statistically significant and positive only for pre-crisis period (2004-2008), showing that there is a positive 
relationship between risk and return as is supported by the CAPM model. The results indicated that both 2004-
2012 and 2008-2012 periods  were characterized by predictability and highlighted that this predictability is not 
influenced by risk-return relationship. 
Similar results were obtained by Narang S. and Bhalla V K (2011) for the Indian Stock Market and by 
Hamao Y. et al. (1990) for New York Stock Exchange, Tokyo Stock Exchange and London Stock Exchange. 
For the adjusted returns to thin trading , we finded a weak presence of non-liniarities. The coefficients of 
risk premium are statistically insignificant for all the observed periods.  
The symmetric GARCH models respond equally at positive and negative shocks in variance generation 
process. The behavior of financial markets showed that positive shocks and negative shocks have different 
impacts on the market. To highlight the asymmetrical reaction of stock markets to negative and positive news, 
we estimated TARCH models. The results are presented in Table 6. 
Table 6. Estimation results of TARCH models 
 BET 
2004-2012 
BET_Adjusted 
2004-2012 
BET 
2004-2008 
BET_Adjusted 
2004-2008 
BET 
2008-2012 
BET_Adjusted 
2008-2012 
Mean 
equation 
  
 0.0007*** 0.0001 0.0011*** 0.0001 0.0004 0.0001 
 0.1044*** 0.0201 0.1512*** 0.0692** 0.0556* 0.0497* 
Variance 
equation 
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 0.000009*** 0.000008*** 0.00001*** 0.0000289*** 0.000005*** 0.000005*** 
 0.1531*** 0.1686*** 0.1477*** 0.1631*** 0.1376*** 0.1756*** 
 0.7963*** 0.8076*** 0.7605*** 0.7062*** 0.8274*** 0.8067*** 
 0.0609* 0.0422 0.0660 0.0574 0.0609 0.0784 
AIC -5.6283 -5.3343 -5.6693 -5.5655 -5.6003 -5.1066 
SIC -5.6105 -5.3162 -5.6391 -5.5351 -5.5679 -5.0740 
JB 518.05 741.11 154.69 111.68 403.47 907.84 
Q(20) 0.001* 0.019 0.020* 0.009 0.012 0.025 
Source: (authors’ calculations) 
Notes: ***,**,* Significant at 1%, 5%, 10% level, respectively; Q() – Ljung Box statistics, AIC is the Akaike information criteria, SIC is 
the Schwarz criteria, JB-Jarque Bera test, ARCH(5) denotes the ARCH test statistic with lag 5. 
 
In the case of observed returns of the BET Index, for all the periods analyzed, the estimated value of the 
coefficient that indicates the asymmetrical effect is positive but is statistically significant only for the period 
2004-2012, emphasizing the existence of a substantial leverage effect, so any negative news increase volatility.  
The asymmetric volatility is probably, partially determined by the presence of extreme values. As we can 
notice in Table 1, the kurtosis is very high, which indicates the existence of extreme values. For the adjusted 
returns on thin trading, asymmetrical effect coefficient is positive, but is statistically insignificant. 
5. Conclusions 
In this paper, GARCH, IGARCH, FIGARCH, GARCH-M and TGARCH models were used in order to 
compare their ability in forecasting  the volatility of the BET Index, both for the pre-crisis and post-crisis 
periods. These models are used for capturing the presence of long memory, risk premium and leverage effect. 
Based on the empirical results obtained, we can conclude that BSE is characterized by high volatility, thin 
trading, non-liniarities and long memory. The sum of the GARCH parameters is very close to one, indicating 
persistence in conditional variance. Also, according to the results obtained from the estimation of FIGARCH 
model, we found that the long memory parameter is statistically significant, showing that the volatility series is 
a long memory process. For the GARCH-M model, the results obtained also indicate that the parameter of the 
conditional variance in the mean equation is statistically significant for the period 2004-2008 and sustained that 
an increase in risk would increase returns. Also, we have found evidence of non-liniarities in the behavior of 
the BET Index, which indicates predictability and inefficiency. Finally, the TARCH model results highlighted 
the presence of asymmetries in the BET Index volatility for the period 2004-2012, the effect of negative shocks 
on volatility is more pronounced than positive news. These findings are recommended to be taken into account 
by investors, risk managers dealing with the Romanian Stock Market. Future research could be done using 
multivariate GARCH models to describe the co movement and interdependencies between Romanian Stock 
Market and some other emerging or developed stock markets, to exploit possible correlations that exists 
between them by an international investor when building an international portfolio. 
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